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Abstract—Wetrainedconvolutionalneuralnetworks(CNNs)to
suppressoff-axisscatteringintheshort-timeFourierTransform
(STFT)domain.Ourtrainingdatawerepointtargetresponses
fromsimulatedanechoiccysts. Weusedrandomneuralarchi-
tecturesearchtobuildCNNmodelswithvariableinputformu-
lations,layersizes,andtraininghyperparameters.Ourresults
showedthatCNNswereeasiertotrain,astheyrequiredfewer
networkweightsto matchtheperformanceoffully-connected
networks(FCNs).ThebestCNN modelsachievedcomparable
phantomCNRswithwithtwotothreeordersofmagnitudefewer
weights.
IndexTerms—ultrasound,beamforming,convolutionalneural

networks,deeplearning

I.INTRODUCTION

Recently,deepneuralnetworkshavebeenusedforultra-
soundbeamformingbyourgroup[1]andothers[7][9].
Our methodappliesdeepneuralnetworkbeamformingin
theshort-timeFourierTransform(STFT)domaininorder
toavoidhavingtotrainfordifferentpulseshapes,depth
dependentattenuation,andotherpulseparametersthatmay
varyacrosspatientsandevenacrossprobesastheyage.Our
earlyapproachusedclassicfullyconnecteddeepnetworks
(FCNs)trainedwithsyntheticdata.Thesebeamformersare
convolutionalinnatureinsofarasthenetworks,includingtheir
weights,arereusedthroughdepth;however,fullyconnected
layersareusedtospantheaperturedimension. Wedemon-
stratedthatthesemodelscouldworkwell[1].

Convolutional Neural Networks (CNNs) have seen
widespread applications in Computer Vision, Natural
LanguageProcessing,andMedicalImagingalike.Bytaking
advantageoflocalizedparametersharing, CNNsrequire
fewerparametersandthusreducetheriskofoverfitting.
Inourstudies,weuseCNNsforthesameSTFT-domain
beamforming withsimilarperformancebut manyfewer
parameters, which makesthemeasiertotrainandless
resource-intensivetodeploy.

ByapplyingCNNstothesameSTFTdata,weintroduce
convolutiontotheaperturedimensionaswell.CNNscould
havetheadditionalbenefitofdetectinglocalfeaturessuch
asapertureshapes.Inaddition,CNNbeamformers, with
fewerparameters,maybeeasiertotrainasshowninother
applicationdomains.

II. METHODS

A.TrainingDataandEvaluationScans

TheFCNbeamformerstudiedherewasproposedpreviously
bymembersofourgroup[6].AcollectionofFCNistrainedto
operateonchanneldatainthefrequencydomain.Trainingdata
wasgeneratedfromFieldIIsimulatedpointtargetresponses
[5].ThesimulatedultrasonicarraywasbasedontheL7-4
(38mm)lineararraytransducer.Pointtargetswererandomly
placedinanannularsectorcenteredatthefocaldepthof
thetransducerarray,usingaprocessthatwehavedescribed
previously[6].Forthepointtargetsinsidethemainlobeof
thebeam,thecorrespondingoutputwasthesameastheinput;
forthoseoutsidethemainlobeofthebeam,thecorresponding
outputwasavectorofzeros[6]. Weused105examplesfor
trainingand104forvalidation.
AnATLL7-4(38mm)lineararraytransducerwasoperated
usingaVerasonicssystemtoscanaphysicalphantom.A
cylindricalcysthaving5mmindiameterlocatedat7cmdepth
wasscannedusingacross-sectionalviewatfivedifferent
positionsalongtheaxialdimension.Theimagequalitymetrics
usedforevaluationpurposesincludedcontrast-to-noiseratio
(CNR),contrastratio(CR),andspeckleSNR.

B.ConvolutionalNeuralNetworks

SincetherewerenoexistingCNNsforourtask,wehad
todesigncustomCNNarchitectures.TheCNNarchitectures
thatwedesignedwerebasedonLeNet[4]andAlexNet[8]
becausethesearchitecturescommonlyserveasbaselinesfor
otherapplications. WeimplementedCNNswithconfigurable
input,output,layersizes,withandwithoutpooling,kernel
size,numberofkernels,numberoffully-connectedlayers,and
manyothers,usingsimilarlayertypesandlayerorders.
Wealsovariedtheoptimizersandlossfunctions.Optimizers
werechosenbetweenStochasticGradientDescent(SGD)and
AdaptiveMomentEstimation(Adam).Eachmodelcouldhave
eitherMeanSquaredError(MSE),MeanAbsoluteError(L1),
orSmooth MeanAbsoluteError(SmoothL1)asitsloss
function.
Ourneuralarchitecturesearch(NAS)consistedof1000
trainedmodels.Theywererandominsteadofheuristic,as
currentstudiesshowthatsophisticatedNASalgorithmsgener-
allyfailtooutperformrandomsearch[2].Inaddition,studies
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Hyperparameter Value

ArchitectureType LeNet-like
InputFormulation 1x130x1
UsingMaxPooling True
UsingBatchNormalization True
AddingGaussianNoise True
Conv1KernelSize 17
Conv1NumberofKernels 45
Conv1Stride 1
Conv1Dropout 0
Pool1KernelSize 2
Pool1Stride 2
Conv2KernelSize 12
Conv2NumberofKernels 35
Conv2Stride 1
Conv2Dropout 0.5149
Pool2KernelSize 2
Pool2Stride 2
Fully-Connected(FC)Layers 2
FCLayersWidth 109
LossFunction SmoothMeanAbsoluteError
Optimizer Adam
LearningRate 1.803e-4

TABLEI
ARCHITECTUREANDHYPERPARAMETERSFORTHEBESTCNNMODEL

showthatrandomhyperparametersearchoutperformedgrid
search[3].SincepopularNASlibrariessuchasAutoKerasand
NNIlackedsupportforregressiontasks,wecreatedourown
frameworkforrandomNASusingconstraintsatisfactionwith
Prolog.ThemodelswerecreatedandtrainedwithPyTorch
[10].

Weinvestigatedtheeffectsoftreatingrealandimaginary
componentsasaflatarray(1by130by1),asseparate
channels(1by65by2),andasaheightdimension(2by
65by1). Wefirstconcatenatedtherealandimagineryparts
tohaveasingle-channel1Dconvolution.Wethenstackedthe
twopartsasseparatechannels,resultinginatwo-channel1D
convolution.Lastly,wetreatedinputsasnarrowgrayimages
thatweconvolveinbothapertureandI-Qdimensions.

III.RESULTS

WefoundthatLeNet-likeCNNsfeaturingtwoconvolutional
layersandtwoorthreefully-connectedlayerswereeffective.
WealsofoundthataddingGaussiannoiseintrainingwas
useful.Furthermore,itwasbettertoconcatenatetheIand
Qcomponentsasasingle-channel1Darrayorstackthemas
atwo-channel1Darraythantostackthemasaone-channel
2Darray.Furthermore,almostalltop-performingmodelsused
AdaminsteadofSGDastheiroptimizers.Intermsofloss
functions,L1wasineffectivecomparedwithMSEandSmooth
L1.

For phantomtargets,the CNR was 5.46±0.45 dB,
5.57±0.20dB,and4.24±0.38dBforthebestCNN,thebest
FCN,andDAS,respectively.At-testwasusedtocompare
thebestCNNtothebestFCNandthedifferencewasnot
statisticallysignificant(p-value=0.45).Ourresultssuggestthat
CNNsproduceequivalentresultstoFCNsandqualitative
assessmentsuggeststheymayhavealargerdepthoffield.

Fig.1.Foraphantomtarget,DAShasaCNRof4.3994,FCN5.5403,CNN
5.2946

Fig.2. Foraninvivotarget,DAShasaCNRof-14.982,FCN-0.80402,
CNN-2.8361

IV.CONCLUSION

Basedontheevaluationscans,weconcludethatCNNs
canmatchtheperformanceofFCNsinsuprressingoff-axis
scattering.Inaddition,CNNshavetheaddedbenefitofhaving
fewerparameters, makingtraininganddeploymenteasier.
Lastly,beamformedimagesindicatethatCNNsmayhavea
largerdepthoffield.

Fig.3. ThebestCNNstendtohavefewerweightsthanthebestFCNs
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